ABSTRACT
INTRODUCTION
In the late 1980s, the advent of random high-throughput screening (HTS) as a means of finding novel lead compounds introduced substantial changes in the way pharmaceutical companies view their compound collections (1) . Since most in-house collections came primarily from either traditional synthetic techniques or targeted acquisitions, the size of these collections tended to be rather modest by today's standards. The success of random HTS at finding novel leads relies on assaying much larger numbers of compounds, typically in the hundreds of thousands (2) . From an analysis of 56 high-throughput screens carried out on a variety of enzymes, G protein-coupled receptors, ion channels, and receptor targets, Spencer concluded that an average of one quality lead series is identified for every 120,000 compounds assayed (3) . The link between deriving leads from HTS and the size of the compound collection screened led to a substantial increase in the number of compounds purchased from outside sources. Lipinski has suggested that this increased reliance on leads derived from HTS also led to the pursuit of compounds with less than optimal physicochemical properties and, hence, to more difficulty in lead optimization and clinical development (4) . Experience has shown that improving the oral bioavailability of a compound that has already been optimized for potency is the most time-consuming, labor-intensive, and variable part of the preclinical drug discovery process (5) .
These observations led to the creation of the "rule-of-five" by Lipinski et al. (6 ) and determined that compounds with excessive logP, molecular weight (MW), hydrogen-bond donors, or acceptors were more likely to have solubility and/or permeability problems that would lead to poor oral bioavailability (6) . Since the publication of the rule-of-five, there have been many additional studies aimed at distinguishing between drugs and nondrugs (7) (8) (9) , characterizations of the properties of drug-like databases (10) (11) (12) (13) , and the prediction of oral bioavailability (14) (15) (16) . From these exercises, one would hope to define the appropriate molecular properties from which leads or compounds targeted for clinical investigation should be derived.
A different perspective on appropriate characteristics of leadlike compounds was obtained by examining the property distributions of drugs and the corresponding lead structures. Studies by Oprea et al. (17) and Hann et al. (18) demonstrated that the process of optimizing leads into drugs can result in noticeable increases in MW, logP, and other important physicochemical parameters. A similar analysis of drugs launched in 2000 and the corresponding lead structures by Proudfoot (19) found that leads are very similar to the final drugs both in terms of structure and simple physical properties. For the 29 series of compounds in that study, the leads and drugs were generally within 25% of the MW and one calculated logP unit of each other. Many of the "leads" in this study were actually marketed drugs. This result is consistent with the earlier analyses (17, 18) and underscores the importance of starting with the best lead compounds. The implicit belief is that higher quality leads should ultimately give rise to clinical candidates with higher success rates and better survivability prospects.
The studies cited above have provided the groundwork for classifying leads and drugs and have determined the parameters that are important for describing drug-like compounds. The current study asks the question "Does clinical development select for compounds with certain physical properties?" We will answer this question by comparing the computed properties of compounds at various stages of clinical development.
METHODS
For our study, the drug and drug-like compounds are derived from the MDL Drug Data Report (MDDR)-99.2 database (20). The MDDR database contains compounds that were targeted and tested for potential therapeutic value and were compiled from various journals, meetings, and patent literature. The compounds are also categorized according to the stage of clinical or biological investigation. Given the extremely complex nature of drug development, this database represents a "snapshot" of compounds at various stages. The value lies in finding trends in the data. The MDDR database contains a total of 105,084 compounds. Of these compounds, 95,151 fall into the class of "biological testing". For our purposes, we are only interested in compounds that have been chosen for clinical investigation; these classes include Preclinical, Phase I, Phase II, Phase III, and Launched. We eliminated all compounds for which no therapeutic activity class was given, as well as compounds that fall into certain classes (see Table 1 ). These exclusions were meant to remove diagnostics, topical agents, and compounds not targeted toward a specific disease state. After this process, the MDDR clinical database contained 6467 entries that are biased toward orally available agents.
For each of the compounds in the data set, we computed a number of properties that have been shown to be important for characterizing leads and drug-like molecules, such as polar surface area (PSA) (21) (22) (23) . Andrews' binding energy (24) , rotatable bond counts (16) , calculated octanol/water partition coefficient (ClogP), and MW (6). For each structural entry in the database, all counter-ions (salts, hydrates, etc.) were removed, and the remaining single molecule was converted to the neutral form. The relevance of these properties to the processes of solubility, permeability, and absorption has been recently reviewed (8, (21) (22) (23) . These properties are also the most amenable to change via synthetic design and are potentially "fixable" in the lead optimization process.
The 3-dimensional structure of each compound was computed with the CONCORD program (CONCORD, version 4.06; Tripos, St. Louis, MO, USA). The PSA was computed from the solvent accessible surface (probe radius of 1.4 Å) with an in-house program that utilizes the SAVOL2 algorithm (25) . Polar atoms contributing to the PSA include N, O, attached hydrogens, and carbons involved in carbonyl or imide moieties. The logP was computed with the ClogP program (ClogP, version 4.0 [version 18 fragment database]; Tripos). All additional parameters were computed via Sybyl with appropriate Sybyl Programming Language (SPL) scripts (Sybyl, version 6.8; Tripos). All statistical analysis was carried out with the program R (26).
RESULTS
The results of the calculations on the 6474 compounds are summarized according to the property and phase of clinical investigation in Table 2 . Both Shapiro-Wilk tests (27) and quartile-quartile normality plots revealed that the values of computed properties in each group are not normally distributed, thus median values for each property should be used for comparison purposes, since mean values will tend to be overly influenced by the skewed distributions. Also included in Table 2 is the percentage change that is observed in each property on advancing from Preclinical to Launched status (% Change). While median values for a property are useful, it is also important to consider how compounds fare when they possess out-of-range values. For a rule-of-five analysis, these would include both ClogP > 5 and MW > 500. Other studies have shown that increasing the PSA beyond 150-200 Å 2 (2, 5, 22) or rotatable bonds > 10 (16) can lead to decreased permeability and oral bioavailability. The percentage of compounds that fall outside each of these cutoff values is also reported in Table 2 . From inspection of Table 2 for each of the properties listed, there is a noticeable decrease in the median value of each property as compounds advance from Preclinical to Launched status. To judge the possible significance of these changes, a pair-wise Wilcoxon-Mann-Whitney test was performed on each computed property group with a standard 95% confidence level and pooled P values (28) . The pair-wise Wilcoxon-Mann-Whitney test for significance was used since no assumptions are made regarding the normality of the distribution nor its variance. Each group consisted of the individual computed properties, partitioned according to the phase of development. These tests revealed that the differences observed for the median values listed Table 2 are significant when comparing the Preclinical and Launched categories. For example, the median ClogP of Preclinical compounds is 3.23, while the corresponding value for launched compounds is 23% lower or 2.50. The most significant changes seem to occur for the out-of-range properties. In particular, the success of compounds entering clinical development with a ClogP > 5, MW > 500, rotatable bonds > 10, or rule-of-five violations seem to be heavily disfavored (illustrated in Figure 1 ). The most significant change is observed for compounds with MW > 500, where their representation in the Launched category is 51% lower than Preclinical. How much does the rule-of-five account for? Clearly, compounds that are not rule-of-five compliant have low chances of survival (47% decrease in representation from Preclinical to Launched status). In the present study, a total of 1144 compounds (826 of these are in the Preclinical category) are not rule-of-five compliant (two or more violations of any parameters) (6) . However, if all of these compounds were eliminated from the study, the same selection pattern toward better computed physical properties would still be observed. For example, the median ClogP for Preclinical, Phase I, Phase II, Phase III, and Launched compounds would be 3.06, 2.88, 3.00, 2.40, and 2.50, respectively. In this case, an 18% decrease is computed from Preclinical to Launched status for the rule-of-five compliant subset of compounds (vs. 23% reported in Table 2 ). Similar trends are also observed for the other properties of interest-in each case there is a precipitous drop in the median property value in advancing from Preclinical to Launched status with most of the change occurring in the latter stages of development (excessive MW is the one exception for this subset, since most of these compounds were eliminated from consideration by the rule-of-five filtering).
These results suggest that certain computed physical properties are selected for during clinical development of human therapeutic agents. What is most striking is that the selection process tends to occur in the latter stages of development (Phase II and beyond), when failures are more costly both in terms of time and resources. This is particularly interesting, since one would assume that by the time a Preclinical or Phase I investigation is started, there has already been significant effort expended toward choosing the best compound for development. From the present analysis, significant risks are associated with selecting compounds for development that lie outside the cutoff values in Table 2 .
Obviously, compounds will fail during clinical development for any number of reasons, such as failure to show anticipated biological effects, toxicity, etc. (29) . Good properties are but one element of a quality compound or lead. Since on average only four new-in-class drugs are launched each year (30) , despite increasingly intense industry-wide attention to absorption, distribution, metabolism, and excretion (ADME)-related properties in discovery, it is clear that choosing the best lead to follow-up is critical to future success.
IMPLICATIONS FOR COMBINATORIAL LIBRARY DESIGN AND LEAD SELECTION
How do the current results affect our thinking toward suitable properties for combinatorial library design and the selection of leads for further optimization? In many respects, the current study reinforces the notion that compounds with certain physical properties have a greater chance of succeeding in the clinic and becoming drugs. Thus, synthesizing compounds with physical properties distributed around the ranges given by the Phase III and Launched values in Table 2 should increase the chances of finding leads with enhanced survivability characteristics. Perhaps more important is ensuring that excessive numbers of compounds (>15%) do not lie outside the property cutoff ranges above, as these compounds do not fare well in terms of success in the clinic.
LIBRARY DESIGN EXAMPLE
Consider the construction of a combinatorial library based on a 2,5-diketopiperazine motif (31) .
Based on the chemistry used to construct the library, a wide range of substituents may be placed at R 1 (aldehydes), R 2 (primary amines), and R 3 (boc-protected amino acids). In the absence of any specific structural information that could be used to guide the selection of the components, we base our choices on a combination of diversity and physical property considerations. In the three-component example above, we can construct a 4000 compound diversity library with the following properties (median values listed): (i) MW 357 (0.36% with MW > 500);
(ii) ClogP 3.38 (3% with ClogP > 5); (iii) PSA 80.5 Å 2 (2.5% with PSA > 200 Å 2 ); and (iv) number of rotatable bonds is 6, with 100% rule-of-five compliance.
In designing combinatorial libraries, the chemist is often faced with a large number of possible choices and the ability to manipulate many variables. A thoughtful strategy should include close attention to the property distributions of the final products, as this will have the greatest impact on the future success of any lead optimization program.
